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Abstract
The climate system responds to changes in the structure and physiology of vegetation. These 
changes can be induced by seasonal growing cycles, anthropogenic land cover changes (LCCs), and 
precipitation extremes. The extent to which vegetation changes impact the climate depends on the type 
of ecosystem, the season, and the intensity of perturbations from LCCs and precipitation extremes. 
Under	the	growing	impacts	of	climate	change	and	human	modification	of	natural	vegetation	cover,	
understanding and monitoring the underlying biogeophysical processes through which vegetation 
affects	the	climate	are	central	to	the	development	and	implementation	of	effective	land	use	plans	and	
mitigation measures. 
In	Eastern	Africa	(EA)	the	vegetation	is	characterized	by	multiple	growing	cycles	and	affected	
by  agricultural expansion as well as recurrent and severe drought events. Nonetheless, the degrees to 
which	vegetation	changes	affect	the	surface	energy	budget	and	land	surface	temperature	(LST)	remain	
uncertain. Moreover, the relative contributions of various biogeophysical mechanisms to land surface 
warming or cooling across biomes, seasons, and scales (regional to local) are unknown. The objective 
of this thesis was to analyze and quantify the climatic impacts of land changes induced by vegetation 
seasonal dynamics, agricultural expansion, and precipitation extremes in EA. In particular, this thesis 
investigated these impacts across biomes and spatio-temporal scales. To address this objective, satellite 
observation and meteorological data were utilized along with empirical models, observation-based 
metrics, and statistical methods. 
The results showed that rainfall–vegetation interaction had a strong impact on LST seasonality 
across ecoregions and rainfall modality patterns. Furthermore, seasonal LST dynamics were largely 
controlled	by	evapotranspiration	(ET)	changes	that	offset	the	albedo	impact	on	the	surface	radiation	
balance. Forest loss disturbed the LST dynamics and increased local LST consistently and notably 
during dry seasons, whereas during the wet season its impact was limited because of strong rainfall–
vegetation	 interaction.	Moreover,	drought	events	affected	LST	anomalies;	however,	 the	 impact	of	
droughts on temperature anomalies was highly regulated by vegetation greening. 
In addition, the conversion of forest to cropland generated the highest net warming (1.3 K) 
compared with other conversion types (savanna, shrubland, grassland, and cropland). Warming from 
the	 reduction	of	ET	and	surface	 roughness	was	up	 to	~10	 times	stronger	 than	 the	cooling	effect	
from	albedo	increases	(−0.12	K).	Furthermore,	large	scale	analysis	revealed	a	comparable	warming	
magnitude during bushland-to-cropland conversion associated with the dominant impact of latent 
heat	(LE)	flux	reduction,	which	outweighed	the	albedo	effect	by	up	to	~5	times.	A	similar	mechanism	
dominated	the	surface	feedback	during	precipitation	extremes;	where	LE	flux	anomalies	dominated	the	
energy exchange causing the strongest LST anomaly in grassland, followed by savanna. By contrast, 
the impact was negligible in forest ecosystems. 
In conclusion, the results of this thesis clarify the mechanics and magnitude of the impacts of 
vegetation dynamics on LST across biomes and seasons. These results are crucial for guiding land 
use	planning	and	climate	change	mitigation	efforts	in	EA.	The	methods	and	results	of	this	thesis	can	
assist in the development of ecosystem-based mitigation strategies that are tailored to EA biomes. 
Moreover, they can be used for assessing the performance of climate models and observation-based 
global scale studies that focus on the biogeophysical impacts of LCCs. 
    
Keywords:	LST	seasonality;	Land	cover	change;	Bushland	(Acacia-Commiphora);	Biophysical	effects;	
Precipitation	extremes;	Satellite	observation.
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1 Introduction
1.1 Overview
Climate and vegetation are closely linked. 
While the distribution and productivity 
of vegetation are largely determined by 
climate,	vegetation	 in	 turn	affects	 the	climate	
through regulating the amounts of water, 
energy, momentum, and gas exchange with 
the atmosphere (Hoffman and Jackson et 
al.,	 2000;	 Foley	 et	 al.,	 2005;	 Davin	 and	 de	
Noblet-Ducoudre,	 2010;	 Pielke	 et	 al.,	 2011).	
Land surface temperature (LST), which is 
defined	as	 the	 radiometric	 temperature	of	 the	
land surface, is one of the most important 
climate variables in the physics of land surface 
processes, and its magnitude is determined 
by the interaction between vegetation and the 
atmosphere	 (Schmugge	and	Becker,	1991;	Jin	
et	al.,	1997;	Jin	and	Dickinson,	2010;	Li	et	al.,	
2013). LST strongly responds to vegetation–
atmosphere interactions during plants’ annual 
growing cycle, as well as perturbations caused 
by human interventions and climate extremes 
(Jin	and	Dickinson,	2010;	Richard	et	al.,	2013;	
Mahmood et al., 2014).
Under normal conditions, the impact of 
vegetation on the climate system is mainly 
regulated by seasonal vegetation growing 
cycles or phenology (Richard et al., 2013). 
Through structural changes (associated with the 
development and senescence of the canopy) and 
physiological changes (e.g., evapotranspiration 
(ET) and photosynthesis), vegetation phenology 
affects the seasonality of albedo, surface 
conductance, and surface roughness (SR) length, 
which	 directly	 influence	 fluxes	 in	 water	 and	
energy as well as LST seasonality (Fitzjarrald 
et	 al.,	 2001;	 Penuelas	 et	 al.,	 2009;	 Richard	
et al., 2013). LST is driven by the combined 
biophysical attributes of the land surface (i.e., 
albedo, ET, and SR) (Jin et al., 2005). Examining 
how interactions between vegetation greening 
and water availability determine LST seasonality 
is fundamental to understanding how the timings 
of	 leaf	 emergence	 and	 senescence	 affect	 the	
climate	through	their	influence	on	surface	energy	
budget and LST (Penuelas et al., 2009). 
Humans perturb vegetation–atmosphere 
interactions by altering the biophysical attributes 
of the Earth’s surface through land cover 
change (LCC). Since 1700 AD, approximately 
12 million km2 of natural vegetation (forest 
and woodland) have been cleared globally 
(Ramankutty	 and	 Foley,	 1999);	 furthermore,	
as	of	2014,	the	area	affected	directly	by	human	
activities had reached approximately 100 million 
km2, 18–29% of which was cleared mainly 
though deforestation for agricultural, urban, 
and infrastructural use (Luyssaert et al., 2014). 
Agricultural expansion, however, was the major 
driver of global land use and LCC, because urban 
landscapes constitute a smaller area of the total 
land surface (< 5%) (Pielke et al., 2011). Such 
massive transformations of land cover have 
had considerable impacts on the climate locally 
(Arnfield,	 2003;	Lee	 et	 al.,	 2008),	 regionally	
(Mohr	 et	 al.,	 2003;	 Foley	 et	 al.,	 2003a),	 and	
globally	 (Davin	 and	Noblet-Ducoudre,	 2010;	
Lawrence	et	al.,	2010;	Duveiller	et	al.,	2018).	
Although the global pace of LCC has slowed 
in recent decades, tropical regions still have the 
highest rate of loss (e.g., an annual forest loss 
rate of 2101 km2) caused by rapid agricultural 
expansion	 (Hansen	et	 al.,	 2013;	FAO,	2012).	
The net impact of this global LCC showed an 
average increase in LST, and the warming behind 
this transition was attributed to agricultural 
expansion in the tropics (Duveiller et al., 2018). 
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In Sub-Saharan Africa, the agriculture sector 
plays a critical role in the economy, employing 
more than half of the total work force (OECD/
FAO,	2016);	between	1975	and	2000,	crop	land	
increased by 57% at the cost of natural vegetation 
(forest, woodlands, and bushland) (Brink and 
Eva, 2009). This trend is more prevalent in East 
Africa, where between 2002 and 2008 alone 
forest and woodland cover declined by 5% and 
15.8% respectively (Pfeifer et al., 2012).
For a full understanding and successful 
mitigation of the climatic impacts of LCC, 
biogeophysical impacts should be accounted 
for	along	with	biogeochemical	effects	 (Pielke,	
2011;	Bright	et	al,	2015;	Devaraju	et	al.,	2015).	
Although	 these	 biogeochemical	 effects	 (e.g.,	
CO2 emissions) are largely studied and well 
recognized in existing impact assessment reports 
of the Intergovernmental Panel on Climate 
Change (IPCC), the biogeophysical impacts 
(e.g., non-radiative components) have not been 
fully addressed (e.g., regionally and seasonally) 
in	 these	 reports	 (Myhre	 et	 al.,	 2013;	 IPCC,	
2019). Biogeophysical impacts are stronger at 
regional and local scales and can have remote 
effects	 through	 their	 influence	on	atmospheric	
circulation patterns (Henderson-Sellers et al., 
1993;	Devaraju,	2015).	Moreover,	their	influence	
can vary across space, and in some regions 
they can have a similar or larger magnitude 
than greenhouse gas-induced climate change 
(Bonan,	 2008b;	 Feddema	 et	 al.,	 2005;	Avila	
et	al.,	2012);	 in	addition,	 they	can	amplify	or	
counteract	 greenhouse	gas	 effects	 (Mahmood	
et al., 2014). Failing to include biogeophysical 
impacts in life cycle assessments can lead to 
unproductive climate change mitigation and 
adaptation measures in regions of intensive LCC 
(Pielke	et	al.,	2011;	Bright,	2015).	Hence,	further	
studies are required locally and regionally to 
support initiatives and policies for the successful 
mitigation	of	climate	change	effects.
Climate extremes are another factor that 
disturbs climate–vegetation interaction. In a 
water-limited environment, the surface feedback 
caused by soil moisture and vegetation stress 
during drought events alters the surface energy 
balance through modifying surface biophysical 
properties;	this	in	turn	increases	surface	and	air	
temperatures,	amplifying	 the	effect	of	drought	
(Fischer	et	al.,	2012;	Yin	et	al.,	2014).	According	
to the Fifth Assessment Report of the IPCC, 
climate	extremes	such	as	droughts	and	floods	
remain formidable challenges in the 21st century. 
Furthermore, temperatures are projected to rise 
faster than the global average increase (0.85°C) 
in Africa. Globally, up to 40% of the world’s 
population live in regions that have already 
experienced warming of > 1.5°C (Allen et al., 
2018;	IPCC	special	reports	on	global	warming).	
Hence, under the impact of global warming and 
climate	extremes,	understanding	how	different	
ecosystems respond to precipitation extremes 
and the role of vegetation in modulating or 
amplifying surface warming must be explored 
further for informed decision-making in climate 
change	mitigation	efforts.			
Eastern Africa (EA) is one of the regions 
most	affected	by	 factors	 that	disrupt	climate–
vegetation interaction. Because of the rapid 
agricultural expansion associated with fast 
population growth, land cover in East Africa 
has undergone a considerable transformation. By 
2050, if the current trend persists, the population 
is expected to double in this region (UN DESA, 
2019), posing further pressure on the already 
degraded natural landscape. Concurrently, with 
an	 increase	 in	drought	and	flood	frequency	 in	
the region, climate patterns are becoming more 
erratic and rainfall highly variable (Nicholson, 
2017);	 this	 will	 severely	 limit	 vegetation	
productivity	and	affect	the	surface	energy	balance	
and LST in the region. Therefore, understanding 
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how	different	ecosystems	respond	and	affect	the	
climate system during LCC and climate extremes 
is	 critical	 in	 this	 region	 to	 devise	 effective	
mitigation measures and strategies. 
The scarcity of in situ data is a major barrier 
to better understanding the climatic impacts of 
vegetation dynamics in Eastern Africa. The 
occurrence of FLUXNET, a global network of 
micrometeorological	flux	towers	that	measures	
exchanges of water and energy between the 
terrestrial ecosystem and atmosphere, is rare 
in this region. Consequently, methods and 
models that make use of high-quality satellite 
observation data are required. This thesis 
presented a combination of interdisciplinary 
studies, including remote sensing, climatology, 
atmospheric science, forestry, ecology, 
geography, and geographic information science. 
The thesis applied statistics and various empirical 
and energy balance-based models driven by 
satellite observations and meteorological data, 
with the aim of answering how vegetation 
dynamics	affect	the	surface	energy	balance	and	
LST in the EA. 
1.2 Objectives
The main objective of this thesis is to clarify 
the biophysical mechanisms through which 
vegetation	dynamics	affect	LST	in	the	Eastern	
Africa. This thesis is aimed at improving the 
understanding of climate–vegetation interactions 
to support climate change mitigation and land 
management	 efforts.	 The	 main	 objective	 is	
divided	into	the	following	four	specific	objectives:
i.  To identify the role of seasonal vegetation-
rainfall	dynamics	on	LST	patterns;
ii.  To quantify the impacts of multiple LCCs 
on	LST;
iii.  To clarify the relative contributions of the 
radiative and non-radiative mechanisms to LST 
changes	during	LCCs;
iv.  To evaluate the energy exchange and LST 
sensitivity during precipitation extremes across 
biomes. 
These objectives are addressed in four 
interrelated research papers (Figure 1). The 
contents of each paper (I–IV) are summarized 
as follows. 
Paper I aimed to identify the impacts 
of rainfall–vegetation interaction on LST 
seasonality as well as how such interactions 
affect	 LST	 anomalies	 under	 forest	 loss	 and	
drought events in the Horn of Africa (HoA). 
This study further examined how vegetation 
vigor	(greenness)	affects	temperature	anomalies	
during major drought events. Time series data 
(2001–2016) from satellite observation were 
used and all analyses were conducted at 1-km 
resolution. A locally weighted polynomial 
regression	model	(LOESS)	was	fitted	to	the	time	
series data to model the seasonality of rainfall 
and vegetation patterns after its applicability was 
tested in known areas of unimodal and bimodal 
rainfall. The LST seasonality was then assessed 
for the corresponding location within rainfall–
vegetation space during seasonal growing cycles, 
as well as under perturbations from forest loss 
and	drought	events.	Verified	forest	loss	sites	in	
Ethiopia and Kenya were used for the case study.
Paper II’s objective was to elucidate the 
impacts of growing-season albedo and ET 
dynamics on radiation balance and LST as well 
as	quantify	 the	biophysical	effects	of	multiple	
LCCs across seasons and biomes in the Horn 
of	Africa	 (HoA).	The	 effects	 of	 actual	LCCs	
on regional radiative forcing and LST were 
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analyzed across seasons for all vegetated surfaces 
during 2001–2013. The relative contributions 
of radiative (albedo)  and  non-radiative (ET 
and SR) mechanisms to the change in LST 
were	quantified	using	the	Intrinsic	Biophysical	
Mechanism (IBPM) method (Lee et al., 2011) 
together with various empirical models. The 
impacts of interannual climate variability and 
background climate signals on the LST were 
removed from all pixels. All analyses were 
performed using satellite observation and 
meteorological reanalysis data from 2001–2013 
at 1-km resolution. 
Paper III examined energy exchange and 
LST anomalies during 2001–2016 precipitation 
extremes in the HoA across multiple ecosystems 
and	seasons.	Specifically,	how	spectral	albedo	in	
the broadband visible (VIS), near-infrared (NIR), 
and shortwave (SW) range responded to rainfall 
extremes	 and	 their	 consequent	 influence	 on	
surface–atmosphere coupling through radiative 
forcing were analyzed. Moreover, turbulent and 
radiative energy exchange and LST anomalies 
were compared across biomes. To assess changes 
caused by precipitation extremes alone, the 
impacts	of	other	factors	that	concurrently	affected	
energy exchange and LST (e.g., LCC) were 
discarded from the analysis. Furthermore, the 
3-month standardized precipitation index (SPI), 
surface energy balance, and quantile regression 
Figure 1. Relationships between papers (I–IV) based on their key areas of research and data source.
analysis were applied to satellite observation data 
at 0.05° (approx. 5 km) resolution.
Paper IV was based on the limitations 
identified	in	Paper	II	and	explored	small-scale	
biophysical impacts in depth with the objective 
of investigating the impacts of bushland-to-
cropland conversion on surface energy balance 
and LST in southern Kenya. Although bushland 
(Acacia-Commiphora) constitutes the largest 
ecosystem in EA, the biophysical impacts of its 
conversion to cropland were uncertain because 
changes occur in fragmented and small patches, 
making	 identifying	 them	 difficult	 at	 coarse	
resolutions. This paper presents a new perspective 
on their potential impacts on LST using inputs 
from high-resolution satellite images, ground 
meteorological station data, and land surface 
flux	modeling	approaches	at	two	selected	sites	
(Mwatate and Ndome) in southern Kenya. Blue-
sky (actual albedo) was derived from Landsat 
8 and  MODIS Bidirectional Reflectance 
Distribution	Function	(BRDF)	anisotropy	data;	
energy	fluxes	were	estimated	using	the	mapping	
evapotranspiration at high resolution with 
internalized	calibration	(METRIC)	model;	and	
energy balance decomposition was performed to 
measure changes in each of the energy balance 
terms and their contribution to the average LST 
difference.	
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2 Background
2.1 Geographical context
This	 thesis	covers	five	countries	(Ethiopia,	
Eritrea, Djibouti, Somalia, and Kenya) located 
in the Eastern-most parts of Africa, commonly 
known as Horn of Africa (HoA). The studies 
conducted for Papers I–III were regional and 
covered the whole HoA (Figure 1a). For Paper 
IV, local scale studies were conducted in the Taita 
Hills of southern Kenya (Figure 1b).
The study area exhibits high diversity 
in topography, climate, and vegetation. The 
topographic elevation ranges from 125 m below 
sea level at the Danakil Depression in Ethiopia 
to 5199 m above sea level at Mount Kenya. 
Temperature reaches as low as 12°C at mountain 
summits and rise to 34°C in the lowlands. The 
lowlands, which cover a large part of the region, 
are characterized by a dominantly semiarid 
climate;	 rainfall	 here	 can	 be	 as	 low	 as	 200	
mm, whereas in the highlands it often exceeds 
1500	mm	and	exhibits	high	spatial	differences	
within short distances under a strong orographic 
influence	(Nicholson,	1996).	
In addition, the annual rainfall cycle exhibits 
variations across the region. Owing to the 
biannual equatorial passage of the Intertropical 
Convergence Zone (ITCZ), much of the region 
receives a bimodal rainfall during March–May 
(“long rains”) and October–December (“short 
rains”). However, small portions in central-
western Ethiopia receive a unimodal June–
August rainfall (Lyon 2014). Since 1999, a 
considerable decline in the March–May rainfall 
trend	has	been	noted	(Funk	et	al.,	2005;	Lyon	
and DeWitt, 2012). Although the causes of this 
decline are controversial, studies have implicated 
the	warming	of	 the	 Indian	and	Pacific	Ocean	
(Funk,	2014;	Rowell	et	al.,	2015).	Moreover,	
rainfall patterns in the region are characterized by 
strong interannual and intraseasonal variability 
associated with El Niño–Southern Oscillation 
(ENSO), the Indian Ocean Dipole (IOD), and the 
Madden–Julian Oscillation (MJO) (Nicholson, 
2017). In recent years, recurrent and prolonged 
droughts have prevailed in the region and at times 
caused a total failure of the October–December 
rains, such as in 2010 (Uhe et al., 2018). 
Various ecoregions (Somali-Masai, Sudanian, 
Zanzibar Inhambane, and Afromontane) cover 
the HoA, and are associated with climatic 
and topographic heterogeneity in the region. 
The Somali-Masai ecoregion, dominated by 
bushland and thickets, covers the largest area and 
occupies eastern Eritrea, southern Ethiopia, and 
large	parts	of	Somalia	and	Kenya	(White,	1983;	
Bouvet et al., 2018). The tree species Acacia 
and Commiphora constitute the bushland and 
thickets, which are deciduous in the lowlands 
and grade into semi evergreen and evergreen 
on the foothills of the mountains in the region. 
Although smaller in area, shrubland, grassland, 
and riparian forest also make up this ecoregion 
(White, 1983). The Sudanian ecoregion, which 
extends from neighboring Sudan, covers up to 
the foothills of the Ethiopian Highlands in the 
west. Mainly woodland and grassland constitute 
this ecoregion. The Zanzibar Inhambane and 
Afromontane ecoregions represent a small 
area	 in	 the	 region;	 the	 former	 occurs	 along	
the southern and eastern periphery of Somalia 
and Kenya and is characterized by mosaics of 
shrubland, thickets, scrub forest, and wooded 
grassland, whereas the latter occurs in the 
highland mountains of Ethiopia and Kenya, and 
is characterized by forest..
Over the last few decades, these ecoregions 
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have faced considerable anthropogenic pressure 
from rapid agricultural expansion in the region. 
For instance, between 1990 and 2010, the 
cultivated area increased by 28% at an annual rate 
of 1.4%, mainly at the expense of wooded natural 
vegetation such as forest, woodland, bushland, 
thicket,	 and	 shrubland	 (Pfeifer	 et	 al.,	 2012;	
Pellikka	et	al.,	2013;	Brink	et	al.,	2014).	With	
an increasing population and consequent demand 
for greater crop production, more woodland is 
expected to be converted to cropland in the region 
(Maeda, 2011).
Figure 2.  (a)	Location	of	the	study	area	with	the	GTOPO30;	(b)	Landsat	8	false	color	composite	(acquired	November	
27,	2014)	showing	Taita	Hills	and	locations	of	study	areas	in	the	lowlands;	(c)	Bushland	(Acacia-Commiphora)	and	
adjacent commercial cropland in Taita lowlands with Mbololo mountain in the background. Photo: Petri Pellikka, 
2019.
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2.2 Rainfall-vegetation 
interaction and its 
impact on climate
    Vegetation seasonality largely depends on 
rainfall in arid and semiarid areas, where water 
is a limiting climatic factor (Zhang et al., 2005). 
This is particularly critical in regions where 
food production and security rely heavily on 
rainfed agriculture. Under the growing impact 
of climate change on rainfall, large bodies of 
studies have explored the relationship between 
rainfall and vegetation seasonality using remote 
sensing	observations	 (e.g.,	Zhang	et	al.,	2005;	
Camberlin	et	al.,	2007;	Hawinkel	et	al.,	2016).	
Remote	sensing	is	defined	in	this	thesis	as	the	
science and art of obtaining information about an 
object, area, or phenomenon through analyzing 
data acquired from a distance using sensors 
mounted on satellites or aircraft (Lillesand 
and Kiefer, 1979). Remote sensing satellite 
observations are often used in rainfall and 
vegetation seasonality studies because of their 
advantages of wider spatial coverage (local 
to global), high spatial resolution (showing 
details ranging from a few km to a submeter 
scale), and high temporal resolution (capturing 
changes up to daily time steps through a shorter 
revisit cycle). However, despite these studies, 
the role of rainfall–vegetation interactions 
in determining LST seasonality remains 
uncertain because concurrent human impacts 
on vegetation and climate extremes complicate 
such interaction. Understanding how vegetation 
impacts LST seasonality requires the underlying 
biophysical mechanisms driving the changes to 
be	clarified.	LST	seasonality	is	directly	affected	
by radiative (albedo), physiological (e.g., ET), 
and aerodynamic (e.g., SR) changes during 
seasonal vegetation growing cycles or phenology 
in	deciduous	ecosystems	(Richard	et	al.,	2013;	
Figure 3). 
Surface albedo is one of the key parameters 
through	which	 vegetation	 directly	 affects	 the	
climate	system	(Richard,	2013).	Albedo,	defined	
as	the	fraction	of	incident	solar	radiation	reflected	
by	the	land	surface,	affects	the	local	and	global	
climate	through	its	influence	on	radiation	balance	
at the surface and top-of-atmosphere (TOA) 
levels	(Otterman,	1977,	Dickinson,	1983;	Davin	
and De Noblet-Ducoudre, 2010). Albedo varies 
among	vegetation	 types;	 for	 example,	 forests	
mostly have lower albedo than do croplands 
or other shorter vegetation, and tend to appear 
darker and absorb more radiation. During canopy 
development	and	senescence,	marked	differences	
in albedo occur seasonally during leaf-out, peak 
greening,	and	leaf-off	due	to	differences	in	the	
reflectance	of	 visible	 (VIS)	 and	near-infrared	
(NIR) radiation, which are associated with leaf 
area index (LAI), canopy height, and fractional 
canopy	cover	changes	(Moore	et	al.,	1996;	Ryu	
et	al.,	2008;	Hollinger	et	al.,	2010).	Moreover,	
the	seasonal	pattern	of	albedo	is	influenced	by	
the solar zenith angle (SZA) and background 
material (e.g., soil color and moisture content) in 
deciduous ecosystems (Campbell and Norman, 
1998;	Song	et	al.,	1999).
Additionally, through ET and SR, vegetation 
further	affects	energy	and	water	fluxes	from	the	
land surface to the atmosphere. ET is a process 
through which water is transferred from the 
surface to the atmosphere through evaporation 
(e.g., from soil, canopy interception, and 
water bodies) as well as transpiration from 
plants.	This	process	directly	affects	the	climate	
through	modulating	the	latent	heat	(LE)	flux	to	
the atmosphere. By contrast, SR indicates the 
roughness of the land surface as determined by 
the canopy height (Shaw and Pereira,1982) and 
LAI	 (Lindroth,	 1993;	Raupach,	 1994).	 SR	 is	
an	important	surface	parameter	that	affects	the	
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turbulent mix of air and the transport of heat 
and moisture from the surface to the atmosphere 
(Bonan, 2015). When moving air meets a 
rough surface (e.g., forest), the speed at which 
momentum is transferred from the atmosphere 
to the surface reduces. This, in turn, creates a 
turbulent mix of air and the transport of sensible 
(H) and LE from the surface to the atmosphere, 
leading	to	a	decrease	in	temperature	(Hoffmann	
and	Jackson,	2000;	Bonan,	2015).
2.3 Biophysical impacts 
of land cover change 
The biophysical impacts of LCC vary with the 
type of LCC, geographic location, scale of study 
(i.e., local, regional, or global), and season (see 
Perugini et al., 2017 for an extensive literature 
review). According to the Fifth Assessment 
Report of the IPCC, historical anthropogenic land 
cover has increased the albedo of the Earth with 
a	radiative	forcing	of	−0.2	±	0.2	W	m–2 relative to 
preindustrial levels (Myhre et al., 2013). Despite 
the	global	cooling	effect	from	increased	albedo,	
the report concludes that no consensus exists 
on the sign of the net temperature change from 
anthropogenic LCC because the non-radiative 
impacts (ET and SR) are uncertain (Myhre et 
al., 2013). 
Modeling and observational studies have 
shown two opposite biophysical effects 
following	deforestation:	a	surface-cooling	effect	
caused by an albedo increase and a surface-
warming	effect	caused	by	concurrent	decreases	
in	ET	and	SR.	The	net	effect	(warming/cooling)	
is determined by the relative strength of these 
contrasting changes and varies with latitudes. In 
the boreal zone, the albedo impact dominates 
and results in net cooling, whereas in the tropics 
the	non-radiative	effect	dominates,	 leading	 to	
net warming on average (Alkama and Cescatti, 
2016). By contrast, in the temperate zone, 
changes in magnitude are comparable and the 
sign of net temperature change is uncertain 
because observation and modeling have shown 
contrasting	 results	 (Pitman,	 2006;	 Lee	 et	 al.,	
2011;	 Li	 et	 al.,	 2015a;	Alkama	 and	Cescatti,	
2016;	 Li	 et	 al.,	 2016;	 Perugini	 et	 al.,	 2017).	
However, it is evident that local or regional 
biophysical climate impacts are stronger in 
magnitude than global effects because the 
biophysical	mechanisms	are	highly	influenced	by	
location-specific	environmental	 factors	 (Bright	
et	al.,	2017;	Perugini	et	al.,	2017).	Therefore,	
further studies at the local and regional level 
are highly relevant for guiding land use policies 
and	 implementing	 effective	 climate	 change	
mitigation and adaptation strategies.
The impacts of LCC are currently assessed 
using either modeling or observational 
studies. The capacity of global models to 
accurately reproduce local climate effects 
and represent the climatic impacts of LCC 
is still highly limited because of their coarse 
spatial resolution and uncertainties in physical 
processes, parameterization, and input data (Li 
et	al.,	2015a;	Duveiller,	2018).	Because	of	this,	
contradicting predictions have been observed in 
model-based	studies	(Pitman	et	al.,	2009;	Boiser,	
2012), and hence, more observational studies 
are required. Currently, observational studies 
are based on in situ or satellite data. Although 
in	situ	measurements	from	field	experiments	or	
global	networks	of	flux	towers	(e.g.,	FLUXNET)	
provide local evidence to verify modeling results, 
they represent only small geographic locations 
and	land	cover	types,	and	hence	are	insufficient	to	
address the spatially heterogeneous biophysical 
properties and climatic conditions worldwide 
(Duveiller, 2018). Consequently, following 
recent advances in remote sensing technology, 
satellite observation-based studies are increasing 
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as such data provide repetitive observations of 
a wider geographic area with high spatial and 
temporal resolution.
Observation-based biogeophysical metrics 
that are used to quantify the impact of LCC 
on climate can be divided into two categories: 
the	first	focuses	on	the	albedo	impact	of	LCC,	
whereas the second focuses on temperature 
impacts	of	LCC.	The	albedo	effect	is	quantified	
using	shortwave	radiative	forcing	(Betts,	2000;	
Pielke	et	al.,	2002;	Bright	et	al.,	2015).	Bright	et	al.	
(2015) proposed a simple method for quantifying 
the radiative forcing at the surface and TOA 
levels. At the surface level, radiative forcing is 
given by the product of albedo change and local 
incoming solar radiation incident at the surface, 
whereas at the TOA level, it can be approximated 
using information on the upwelling atmospheric 
transmittance of shortwave radiation and the 
fraction	of	the	Earth’s	surface	area	affected	by	
albedo change.  
Metrics that emphasize temperature impacts 
of  LCC can further be divided into two subgroups. 
The	first	subgroup	measures	temperature	changes	
without separately quantifying the contributions 
of each biophysical factor (i.e., albedo, ET, SR) 
to the observed temperature change (e.g., Li et 
al.,	2015a;	Alkama	and	Cescatti	et	al.,	2016).	
This approach measures the temperature change 
attributed	only	to	LCC	by	removing	the	effects	
of interannual climate variability and local 
background climate signals from the analysis 
using	adjacent	stable	pixels	unaffected	by	LCC.	
The second subgroup focuses on attributing and 
quantifying the temperature change to various 
biophysical	effects,	which	are	based	on	surface	
energy	 balance	 equations	 (Lee	 et	 al.,	 2011;	
Luyssaert et al., 2014). The IBPM method 
developed by Lee (2011) breaks down the 
biophysical	effects	into	radiative	forcing	terms	
and nonradiative terms, which are comprised 
of additive components from Bowen’s ratio 
and SR. The other method proposed by Juang 
et al. (2007) and elaborated by Luyssaert et al. 
(2014) provides energy balance decomposition 
(EBD) to attribute the temperature change caused 
by each of the energy balance terms. Compared 
with	the	first	category,	such	decompositions	of	
temperature contributions in IBPM and EBD 
capture temperature changes and biophysical 
feedbacks well and have crucial benefits 
for understanding the underlying physical 
mechanisms, assessing the performance of 
climate models, and developing strategies to 
mitigate climate warming (Chen & Dirmeyer, 
2016;	Rigden	and	Li,	2017).
In EA, the local and regional biophysical 
impacts of land cover type are uncertain since 
global studies are too coarse to capture local 
effects.	For	example,	despite	bushland	(Acacia-
Commiphora) being the largest ecosystem in the 
region and currently facing considerable pressure 
from cropland expansion, its biophysical impacts 
on the climate are poorly understood. Thus, 
a comprehensive evaluation of biophysical 
impacts	 is	urgently	 required	 for	effective	 land	
use planning and climate change mitigation 
strategies.
2.4 Energy exchange and 
surface feedbacks during 
precipitation extremes
With a projected increase in extreme events 
and global temperatures, the impacts and risks 
associated with climate change are expected to 
intensify (IPCC, 2013). Studies have suggested 
that extreme events were largely initiated by 
external large-scale circulation anomalies (i.e., 
sea	surface	 temperature	anomalies);	however,	
land surface feedback also played important role 
through intensifying extreme events (Folland et 
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al.,	1986;	Notaro	et	al.,	2019).	
During precipitation extremes, the degree of 
surface feedback on the climate varies among 
vegetation	 types	 and	 regions	 (Pielke,	 2001;	
Anderegg	et	al.,	2019).	Vegetation	affects	 the	
climate through regulating the dissipation of 
energy	 and	 water	 fluxes	 to	 the	 atmosphere	
(Figure 3). The regulating capacity differs 
among vegetation types because of variations 
in plants’ physiology, structures, and survival 
mechanisms. For example, grasses, which have 
relatively shallow rooting systems, quickly dry 
out, whereas forests can access water from deep 
soil	layers,	reduce	soil	moisture	deficits	through	
hydraulic lift, and withstand prolonged drought 
periods through stomatal closure and osmotic 
adjustment (Baldocchi et al., 2004). These 
differences	have	direct	impacts	on	the	partitioning	
of	 turbulent	 fluxes	 and	 the	 intensification	 of	
drought. For instance, as ET declines following 
soil desiccation and vegetation dry-out, much 
of the incoming radiation will be used to warm 
the environment, because available energy is 
converted to H (instead of LE). Progressive 
ET	 reduction	 and	 accumulation	 of	H	 flux	 in	
the atmosphere lead to the drying and warming 
of the atmospheric boundary layer, further 
intensifying drought events through impeding 
cloud formation (Miralles et al., 2019). 
In	 addition,	 surface	 albedo	changes	 affect	
the energy budget following vegetation and 
soil moisture stress during droughts. Modeling 
studies have reported positive vegetation–rainfall 
feedback through albedo changes (Charney, 
1975;	Meng	et	al.,	2014),	whereas	observational	
studies have challenged whether albedo changes 
are	strong	enough	to	affect	surface–atmospheric	
coupling (e.g., Teuling et al., 2008). During a 
European drought, Teuling et al. (2008) revealed 
contrasting changes in VIS and NIR albedo 
in forest and wooded savanna, which largely 
limited SW albedo changes. However, drought-
period spectral albedo patterns (VIS, NIR, and 
SW) and their impacts on the energy budget are 
unknown in arid and semiarid environments that 
are dominated by shrublands and grasslands, 
such as in the EA.
In	recent	decades,	EA	has	been	affected	by	
frequent	drought	and	flood	events.	Associated	
with fast population growth and the agriculture 
sector’s strong dependence on seasonal rainfall, 
the socioeconomic vulnerability of the region 
to hydroclimatic extremes is high, as evidenced 
by their considerable impacts on humans (i.e., 
food shortages, famine, and loss of life) and 
property	(UNOCHA,	2011;	Lyon	and	DeWitt,	
2012). To mitigate the impacts of drought, studies 
have proposed various geoengineering solutions, 
including	 afforestation,	 reafforestation,	 forest	
protection,	irrigation,	and	targeted	modification	
of	surface	albedo	(Bonan,	2008;	Hirsch	et	al.,	
2017;	Seneviratne	et	al.,	2018).	However,	 for	
implementing	 effective	 mitigation	 measures,	
hot-spot	 areas	 should	 be	 identified,	 and	 the	
various mechanisms that can amplify drought 
and intensify surface warming need to be 
comprehensively assessed. For this purpose, 
given	the	physiological	and	structural	differences	
between the different types of vegetation, 
understanding	and	evaluating	ecosystem-specific	
responses of energy exchanges, which are 
lacking	in	EA,	are	critical	for	devising	effective	
mitigation	plans	(Teuling	et	al.,	2010;	Miralles	
et al., 2019).
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3 Data
3.1 Satellite observation data
      In this thesis, a large set of satellite observation 
data were used, primarily from the MODIS. 
Table 1 presents a summary of these data. All 
MODIS data were downloaded from the Land 
Processes Distributed Active Archive Center (LP 
DAAC) NASA. In Papers I–III, the MODIS LST 
product MOD11A2 was used. MOD11A2 LST 
data were prepared from the 8-day average of 
a daily LST product (MOD11A1), which was 
retrieved using a generalized split-window 
algorithm under clear-sky conditions (Wan, 
2014). A quality assurance (QA) layer was used 
in	this	product	to	filter	clear-sky	retrievals	using	
QA	bit	flags.	Through	this	process,	only	pixels	
with	average	LST	errors	≤	1K	were	selected	for	
analysis (Wan, 2015). For detailed information 
Figure 3.	Conceptual	flow	chart	presenting	the	impacts	of	vegetation	changes—induced	by	anthropogenic	and	natural	
causes—on	the	climate	system	through	biophysical	changes;	shaded	boxes	and	blue	lines	are	topics	and	interactions,	
respectively,	addressed	in	Papers	I–IV.		TOA	is	top-of-atmosphere;	GHG	is	greenhouse	gas.
about LST, please refer to Paper I.
The BRDF/Albedo model, which provides 
the weighting parameters (isotropic, volumetric, 
and geometric) required for calculating the 
albedo	and	reflectance	at	desired	sun	and	sensor	
view angles, was used in all papers. In Papers 
I–III, it was used to remove sun-sensor view 
angle	effects	(BRDF	effects)	on	the	directional	
reflectance	in	enhanced	vegetation	index	(EVI)	
calculations	 through	fixing	 the	sensor	angle	at	
a nadir and the sun angle at 45°. In Papers II 
and IV, it was also used in the computation of 
blue-sky (actual) albedo together with aerosol 
optical depth data. Furthermore, black-sky 
albedo at local noon was used in Papers II and 
III. Validations of albedo products with ground 
measurements were reported to have an accuracy 
than 5% for areas with an SZA below 70° (Liu 
et al., 2009).
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Leaf area index products from the MODIS 
(Paper II) and SPOT-vegetation and PROBA-V 
sensors (Paper III) were used for inferring 
vegetation dynamics during growing periods 
and precipitation extremes, respectively. The 
MODIS	LAI	was	 preprocessed	 to	filter	 best-
quality retrievals of pixels without saturation 
using	quality	flags	(Yang	et	al.,	2006);	the	latter	
was reported to have better accuracy compared 
with	MODIS	LAI—particularly	in	high	biomass	
areas	(Li	et	al.,	2015b)—and	90%	of	its	samples	
met the Global Climate Observing System 
accuracy requirements (Verger et al., 2014). It 
can be downloaded for free from Copernicus 
Global Land Service.
Evapotranspiration products from the MODIS 
and Global Land Evaporation Amsterdam 
Model (GLEAM) were used in Papers II and 
III,	 respectively.	 The	 gap-filled	 MODIS	 ET	
was prepared from daily meteorological data 
in combination with other MODIS products 
(albedo, LAI, and land cover) using the Penman–
Monteith equation (Running et al., 2017). 
Validation	 of	 this	 product	 against	 flux	 tower	
data revealed an accuracy of approximately 0.3 
mm day-1 (Running et al., 2017). Furthermore, 
GLEAM ET data, which use the Priestley and 
Taylor evaporation model (Martens et al., 2017), 
were downloaded from https://www.gleam.
eu/. This product correlated well (R = 0.81) 
with eddy-covariance measurements (Martens 
et al., 2017). For analysis, GLEAM ET was 
preprocessed	to	retrieve	LE	flux	using	Dingman	
(2015) equations (Paper III).
In	addition,	radiation	flux	data	from	Meteosat	
Visible and InfraRed Imager (MVIRI)/Spinning 
Enhanced Visible and InfraRed Imager (SEVIRI) 
(Paper II) and Clouds and the Earth’s Radiant 
Energy System (CERES) (Paper III) were used. 
In Paper II, only surface incoming shortwave 
radiation (SIS) from the visible channels of 
Table 1. Summary of satellite observation data used in Papers I–IV.
Data type Sensor Product Paper
BRDF/Albedo model MODIS MCD43B1;	MCD43C3;		MCD43A1 I, II, IV
Black sky albedo MODIS MCD43B3;	GLASS	Albedo II
Land surface                    
tempera-ture/emis-
sivity
MODIS MOD11A2;	MOD11B3 II, III
Leaf area index MODIS;	SPOT-vegetation	
and PROBA-v
MCD15A2H;	LAI II, III
Evapotranspiration MODIS;	Mod-elled	from	
different	satellites
MOD16A2;	GLEAM II, III
Vegetation cover MODIS MCD12Q1;	MOD44B II
GLC-SHARE I
Forest change Landsat Global For-est Change I, II
Aerosol optical depth MODIS MCD19A2 IV
Rainfall TRMM 3B43 I, II, III
Elevation model ALOS AW3D30 IV
Radiation MVIRI/SEVIRI;	CERES Heliosat	(SARAH);	EBAF II, III
Multispectral imagery Landsat	8	OLI/TIR;	
RapidEye
C1 Level-1 and C1 level-2 IV
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MVIRI/SEVIRI onboard the Meteosat satellite 
was downloaded from the European Organisation 
for the Exploitation of Meteorological Satellites 
(EUMETSAT) Climate Monitoring Satellite 
Application Facility (CM SAF). A comparison 
of SIS against in situ measurements showed 
an average absolute bias of 5 W m-2 (Pfeifroth 
et al., 2017). In Paper III, both the incoming 
and upwelling shortwave (SW) and longwave 
(LW) radiation fluxes from the CERES 
Energy Balanced and Filled (EBAF) product, 
downloaded from NASA, were used. CERES-
derived irradiances are stable over long periods 
with an uncertainty of approximately 0.5 W m-2 
per decade (Loeb et al., 2012).
Land cover data from the MODIS, with 
International Geosphere-Biosphere Programme 
(IGBP)	land	cover	classification	schemes,	were	
used in Papers II and III. This product was 
derived	 from	 a	 supervised	 classification	 of	
MODIS	(Terra	and	Aqua)	 reflectance	and	has	
an accuracy of around 75% (Friedl et al., 2010). 
In addition, percentage of vegetation fractions 
were inferred from the Vegetation Continuous 
Fields product (MOD44B) in Paper III. Other 
sources of land cover data (e.g., a global land 
cover database from the Food and Agriculture 
Organization (FAO) of the United Nations and a 
Landsat-based forest cover change product from 
the University of Maryland (Hansen et al., 2013) 
were also used in Paper I. 
In Paper IV, high-resolution data from 
Landsat 8 (30 m), RapidEye imagery (5 m), 
and an elevation model (30 m) were used 
to estimate small-scale biophysical changes 
associated with LCC. Prior to being used for 
analysis, clouds, cloud shallows, and cirrus 
were masked from Landsat 8 scenes using the 
QA	band.	In	addition,	topographic	effects	were	
removed	from	the	surface	reflectance	by	applying	
C-correction (Teillet et al., 1982) using gap-
filled	digital	elevation	from	the	Japan	Aerospace	
Exploration Agency (JAXA). The RapidEye 
imagery obtained from https://www.planet.
com/	is	a	level	3A	orthorectified	product;	it	was	
atmospherically corrected using the Fast Line-
of-sight Atmospheric Analysis of Hypercubes 
(FLAASH) algorithm in the Environment for 
Visualizing Images (ENVI) software before 
being utilized for the analysis.
In Papers I and III, rainfall data from the 
Tropical Rainfall Measuring Mission (TRMM) 
were used to quantify the intensity of precipitation 
extremes. This product was downloaded from 
NASA (https://pmm.nasa.gov/data-access/
downloads/trmm). It combines multiple 
independent precipitation estimates from high-
quality microwave (TRMM Microwave imager 
(TMI), infrared (Visible and Infrared Scanner 
(VIRS)), radar (precipitation radar (PR)), lightning 
(Lightning Imaging Sensor), CERES, and rain 
gage data. The TRMM has been extensively 
validated at various sites worldwide (Fleming 
et	 al.,	 2011;	 Cao	 et	 al.,	 2018)	 and	 has	 been	
reported to have good agreement with gage data, 
including in Africa (Adeyewa and Nakamura, 
2003;	Nicholson	 et	 al.,	 2003).	Moreover,	 the	
TRMM showed better performance compared 
to other gridded precipitation data for drought 
monitoring in Africa (Naumann et al., 2012).
In each paper, all data were spatially and 
temporally harmonized prior to use for analysis. 
The spatial harmonization was at 1-km (Papers 
I and II), 5-km (Paper III), and 300-m (Paper 
IV) resolutions.
3.2 Meteorological data
The meteorological data utilized were the 
reanalysis air temperature (Papers II and III) 
and weather station data (Paper IV). For the 
air temperature reanalysis data, the Modern-
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Era Retrospective analysis for Research and 
Applications (MERRA-2) product was used. 
This product was downloaded for the 2001–
2013 period from the Global Modeling and 
Assimilation	Office	of	NASA.	The	screen	level	
(2 m) air temperature product was prepared from 
combined weather and satellite data and reported 
to have a daily average bias of 0.1 K compared 
with in situ data over land surfaces (Michael et 
al., 2015). 
Furthermore, weather station data for two 
sites in southern Kenya (Maktau and Voi) were 
obtained from the University of Helsinki and 
Kenya Meteorological Department. The Maktau 
automatic weather station data were applied for 
ET estimation in the METRIC model, and the Voi 
data were applied for comparing the modeling 
results. The data records for both sites were 
complete for the analyzed periods (2014–2018). 
4 Methods
4.1 Identifying impacts of 
rainfall-vegetation interaction 
on land surface temperature 
Two steps were followed to identify how 
rainfall–vegetation	interaction	affects	LST	in	the	
region	(Paper	 I).	The	first	step	was	 to	explore	
this interaction through modeling the relationship 
between rainfall and vegetation seasonality. For 
this, local maxima of rainfall and EVI distribution 
were	identified	by	fitting	a	nonparametric	locally	
weighted polynomial regression model (LOESS) 
on their seasonality curve (2001–2016). The 
model	was	integrated	with	a	peak	identification	
function,	which	 identifies	 local	maxima	using	
rainfall or EVI climatology for each pixel by 
selecting a peak whose value is at least twice 
as high as neighboring values in the time 
seasonality	 curve.	This	 criterion	was	 defined	
after its applicability was tested in areas with 
known unimodal (one peak) and bimodal (two 
peaks) rainfall patterns in the region. Once the 
local maxima were obtained, rainfall and EVI 
modality patterns were compared for every pixel 
to understand to what extent vegetation follows 
rainfall seasonality patterns across the region. 
Furthermore, relationships between EVI and 
rainfall climatology were explored statistically 
using	the	nonparametric	Spearman	coefficient.
The second step was to evaluate how rainfall–
vegetation	 interaction	affects	LST	seasonality.	
Representative samples from each of the major 
natural vegetation types (shrubland, grassland, 
and forest) were selected. The samples (10 × 
10 km), one from a unimodal area and the other 
from a bimodal one, were chosen from each 
vegetation class where rainfall–EVI correlation 
was	strong	(r	≥	0.8).	For	those	sample	areas,	the	
climatology of EVI and LST were studied for 
both	the	unimodal	and	bimodal	areas;	moreover,	
to show how LST interacts with EVI and rainfall, 
EVI (y-axis) and rainfall (x-axis) relationships 
were	 classified	 using	 the	 corresponding	LST	
value.	Furthermore,	to	understand	how	different	
intensities	of	EVI	and	rainfall	interaction	affect	
LST, two strong drought events were selected 
(2010/2011 and 2015) and interactions were tested 
in the region. For this, standardized anomalies of 
rainfall	and	EVI	were	classified	according	to	the	
LST anomaly in a scatterplot. Then, the mean 
LST anomaly for the corresponding EVI and 
rainfall anomaly bins were calculated to show 
their	relative	effect.	
4.2 Investigating effects of 
vegetation seasonality on 
energy budget, and land 
surface temperature
 To identify the impacts of vegetation 
seasonality	on	albedo	and	energy	budget,	first	a	
representative stable sample area (3 × 3 km) was 
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selected from four dominant natural vegetation 
types (shrubland, grassland, savanna, and forest) 
(Figure 1 in Paper II). The stability of the sample 
areas during the entire time series (2001–2013) 
was checked using the methodology described 
in Section 4.3. The climatologies of 8-day 
composite LAI and shortwave black-sky albedo 
were computed from 2001–2013 MODIS data 
for the sample areas and plotted for the four 
vegetation classes (see Figure 2 in Paper II). 
The robustness of the results was checked 
using multiple samples, an alternative dataset for 
albedo from the Global Land Surface Satellite 
(GLASS),	 and	 through	comparing	 the	 effects	
of SZA variation on black-sky albedo. Finally, 
the maximum impacts of vegetation seasonality 
on albedo were approximated from albedo 
differences	between	growing-season	maxima	and	
nongrowing-season minima. Their consequent 
effect	 on	 net	 shortwave	 radiation	 (∆Sα)	was	
computed from the monthly climatology of 
incoming shortwave radiation (SWin) and the 
maximum albedo change between the growing 
and	nongrowing	seasons	(∆α)	using	Eq.	1.	
ΔS
(α)
 = SWin	×	Δα	 	 																												(1)
The monthly impact of albedo changes on the 
energy	budget	was	also	assessed	via	its	influence	
on monthly net shortwave radiation (SWnet(i)):
SWnet(i)	=	(1–	α(i))	×	SWin(i)                  (2)
where	α(i)	is	the	monthly	albedo,	and	SWin(i)	
is the monthly incoming shortwave radiation 
in W m-2. The residual available energy for 
heating the land surface (RE(i)) was computed 
from SWnet(i) minus ET(i) (the monthly 
evapotranspiration in W m-2 ).
Relationships between vegetation seasonality 
(inferred from LAI) and albedo, albedo and LST, 
and LST and ET across space and time were 
further explored using nonparametric seasonality 
correlation for every pixel in the HoA. A multiple 
regression model was tested to identify the 
impacts of albedo and ET on LST. In areas where 
albedo and ET exhibited opposite relationships, 
the net impact on shortwave (SW) radiation and 
residual	energy	and	 their	subsequent	effect	on	
LST seasonality were assessed using monthly 
climatology changes. 
4.3 Quantifying biophysical 
impacts of land cover change 
Two approaches were followed for identifying 
the actual and potential biophysical impacts of 
LCC. The actual impacts were measured based 
on	actual	LCCs	identified	from	changes	in	stable	
land	cover	maps	during	the	first	5	(2001–2005)	
and second 5 years (2009–2013) using the 
MODIS 2001–2013 product (Paper II). The 
purpose of focusing on stable pixels over 5-year 
periods was to reduce the impacts of inherent 
data	source	(MODIS	land	cover)	classification	
accuracy on the analysis. For identifying stable 
pixels	during	the	initial	and	final	5	years,	all	land	
cover	 layers	 (2001–2013)	were	first	 spatially	
stacked and the frequencies of all land cover 
classes were calculated for each pixel. Pixels 
that were stable for at least 3 years during the 
initial	and	final	5	years	(i.e.,	frequency	>=	3)	were	
considered stable, otherwise they were discarded 
from the analysis. Subsequently, LCCs were 
determined by comparing the two stable maps. 
In Paper III, a similar procedure was applied to 
select highly stable pixels during 2001–2016. 
In Paper IV, the second approach (space-for-
time) was used to estimate potential biophysical 
impacts by comparing adjacent cropland and 
bushland within a 300 × 300 m grid. The 
adjacent	bushland	and	cropland	were	identified	
by applying a supervised image segmentation 
on high-resolution satellite imagery (RapidEye) 
followed	by	a	pixel-by-pixel	verification	using	
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Google Earth images at two selected sites near 
the Taita Hills during 2014–2018 (please refer 
to Paper IV for details of this method). The 
space-for-time	approach	identifies	the	potential	
impacts of LCC between contrasting vegetation 
types that share similar environmental conditions 
(Duveiller, 2018). 
Two methods were used to quantify the 
impacts of LCC on LST and decompose into 
radiative and non-radiative mechanisms. The 
first	was	 the	 IBPM	(Lee	et	al.,	2011)	and	 the	
second was the EBD approach (Luyssaert et al., 
2014). Both metrics are based on surface energy 
balance equations.
The	first	method	(IBPM),	which	was	applied	
regionally in the HoA (Paper II), breaks down 
the contribution of biophysical changes to the 
total	LST	change	(∆Ts)	 into	radiative	(albedo;	
first	 term	on	 the	right	side	of	Eq.	3)	and	non-
radiative	(ET	and	SR;	second	term	in	the	right	
side of Eq. 3) components:
ΔTs	=	(λo	×	ΔS)	/	(1+f)	)	+	(-λo	×	Rn×	Δf)	/	(1+f)
2                     (3)
where	 λo	 is	 the	 2001–2013	 monthly	 mean	
temperature sensitivity from the longwave 
radiation feedback (K (W m-2)-1);	∆S	is	the	net	
shortwave	radiation	change;	Rn	is	the	monthly	
mean	net	radiation;	and	f	is	the	monthly	mean	
energy	redistribution	factor	and	∆f	is	its	change.	
The f was calculated from surface and air 
temperatures,	net	radiation,	and	ground	heat	flux	
(G) with Eq. 4 by rearranging the supplementary 
Eq. S7 reported in Lee et al., (2011). In data-
scarce regions, the computation of f using Eq. 4 
has	an	extra	advantage	of	avoiding	the	difficulty	
and associated uncertainty in the estimation of 
an aerodynamic resistance term in its original 
formulation (Bright et al., 2016). 
f	=	λo	/	(Ts	-	Ta	)	(Rn
*- G) - 1                                    (4)
where	λo,	R*n	≈	Rn,	and	G	are	as	described	
in	 Eq.1;	 and	 Ts	 and	 Ta	 are	 surface	 and	 air	
temperature, respectively. Rn was estimated 
from the incoming shortwave radiation (SWin), 
total	shortwave	black-sky	albedo	(α),	the	Stefan–
Boltzmann	 constant	 (σ),	 air	 emissivity	 (ea),	
surface emissivity (es), and Ta (Cleugh et al., 
2007):
Rn = SWin	(1-α)	+	σ	*	(ea-es ) * Ta4                                       (5)
ea = 1- 0.261*exp (-7.77 * 10-4 * Ta2 )                        (6)
G was computed from the G/Rn ratio 
(Bastiaanssen, 2000) as in Eq. 7, which was 
derived	from	Ts,	α,	and	the	normalized	vegetation	
index	(NDVI	=	NIR–R	/	NIR+R,	where	NIR	is	
near	infrared	reflectance	and	R	is	red	reflectance).	
The NDVI was estimated from MODIS BRDF 
after	the	effects	of	sun-sensor	geometry	artifacts	
on	 the	 surface	 reflectance	were	 corrected	 by	
fixing	the	sun	angle	at	45°	and	sensor	view	at	
nadir (Schaaf et al., 2002). 
G/Rn=	 (Ts	 -	 273.15)	 (0.0038	 +	 0.0074*α)	 (1	 -	 0.98	 *	
NDVI4)                                                (7)
Furthermore, to check the robustness of the 
IBPM	model,	 the	 calculated	 LST	 (∆Ts)	 was	
compared	with	observed	LST	changes	 (∆T’s)	
from MODIS 11A2. For this, the impacts of 
background	climate	signals	on	 the	∆T’s	were	
identified	using	adjacent	stable	pixels	within	a	9	
x 9 km window from a target pixel and removed 
from the analysis (please refer to Paper II for 
details	of	the	method).	Then,	the	corrected	∆T’s	
were	compared	with	the	∆Ts	in	a	scatterplot.
In the EBD approaches, which were applied 
locally at selected sites in Paper IV, the surface 
temperature change was decomposed into each 
of the energy balance components, derived from 
first-order	derivatives	of	surface	energy	balance	
(Eq.	8;	Luyssaert,	2014).	This	approach	is	often	
used in the comparison of adjacent areas with 
different land cover or management types 
(Luyssaert	et	al.,	2014;	Duveiller	et	al.,	2018).	
∆Ts	=		(-Rsi ∆α	+	(1	-	α)	∆Rsi	+	∆Rli	-	∆λE	-	∆H	-	∆G	-	σTs
4 
*∆ε)	/	(4εσTs3 )                                                 (8)
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subsection	4.3;	and	average	absolute	anomalies	
were calculated for each vegetation class. The 
effect	of	albedo	change	on	the	energy	balance	was	
computed from its shortwave surface radiative 
forcing during drought and extreme wet events.
For	the	same	pixels	identified	in	the	previous	
step, the energy balance terms were computed as 
follows. Net radiation (Rn) was calculated using 
the CERES EBAF surface product:
Rn = (SWin- SWout)	+	(LWin- LWout)                             (9)
where SWin and SWout are the downwelling 
and	 upwelling	 SW	 radiation	 flux;	 and	 LWin	
and LWout are downwelling and upwelling LW 
radiation	flux.	Latent	heat	flux	(ʎE	in	W	m−2) was 
retrieved using Eqs. 10 and 11 (Dingman, 2015):
ʎE	=	 ρw	 *	 ʎv	 *	ET	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 (10)	
ʎv	=	2.495	-	(2.36	*	10-3) * (Tair - 273)                                  (11)
where	ρw	is	the	density	of	water	(1000	kg	m−3);	
λv	is	the	heat	of	vaporization	(MJ	kg−1);	ET	is	
GLEAM 3.2a ET data (mm day−1);	 and	Tair	
is air temperature (K) from MERRA-2. G was 
estimated by multiplying G/Rn (Eq. 7) by Rn 
(Eq.	9).	The	H	flux	was	estimated	as	a	residual	of	
the	energy	balance	equation	from	Rn,	ʎE,	and	G:
H	=	Rn	-	(ʎE	+	G)	 																																											(12)
Absolute anomalies for each of the radiation 
energy	fluxes	(ΔRn,	SWin,	SWout,	LWin,	and	
LWout),	 turbulent	energy	fluxes	 (ΔH	and	ʎE),	
and vegetation indices (NDVI and LAI from the 
SPOT VEGETATION and PROBA-V sensors) 
were computed during drought and extreme 
wet events. Finally, the impacts of precipitation 
extremes on albedo, energy exchange, and 
LST were assessed statistically using quantile 
regression, because it is robust against outliers, 
does not make assumptions about the distribution 
of data, and estimates the response of a variable in 
all parts of its data distribution (Koenker, 2005).
where	 ∆α	 is	 the	 albedo	 change;	 ∆Rsi	 is	 the	
incoming	shortwave	 radiation	change;	∆Rli	 is	
the	incoming	longwave	radiation	change;	∆λE	
is	the	LE	flux	change;	∆H	is	the	sensible	heat	
flux	change;	∆G	is	the	ground	heat	flux	change;	
and	∆Ɛ	is	the	emissivity	change.	All	changes	in	
these parameters were computed within a 300 × 
300 m grid applying the space-for-time approach 
(Blois	et	al.,	2013;	Duveiller	et	al.,	2018).	Here,	
the	 calculated	 ∆Ts	 was	 also	 compared	 with	
the	observed	∆T’s,	which	was	extracted	 from	
the Landsat 8 thermal band applying a single-
channel algorithm (Jimenez-Munoz et al., 2009). 
The	topographic	effect	was	corrected	from	∆T’s	
using a standard lapse rate of 0.0065°C m-1 prior 
to comparison.
4.4 Analysing energy 
exchange and land surface 
temperature anomalies during 
precipitation extremes
Pixels	 affected	 by	 precipitation	 extremes	
were	 identified	 using	World	 Meteorological	
Organization	(WMO)	SPI	value	classifications	
(WMO, 2012) for the major rainfall seasons in 
the	 region	 (MAM	=	March,	April,	May;	 and	
OND = October, November, December). Both 
drought	(SPI	<	−1)	and	extreme	wet	(SPI	>	1)	
events were considered in the analysis for four 
major vegetation classes in the region (shrubland, 
grassland, savanna, and forest). 
To	 measure	 how	 different	 intensities	 of	
precipitation	 extremes	 affect	 spectral	 albedo	
(VIS, NIR, and SW broadband albedo), absolute 
anomalies for each WMO SPI bin were estimated 
during 2001–2016. To do this, both albedo and 
SPI	data	were	first	detrended	to	avoid	spurious	
correlations;	pixels	affected	by	anthropogenic	
changes (e.g., land cover changes) were excluded 
from our analysis by selecting only stable pixels 
from natural vegetation following the approach in 
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5 Results
5.1 Effects of rainfall-
vegetation interaction on land 
surface temperature 
The results of Paper I revealed a strong 
rainfall–vegetation relationship and impact on 
LST seasonality (Figure 4a–c). Of the total 
vegetated area of the HoA, 78% showed strong 
and	 positive	 correlations	 (r	 >	 0.7;	 P	 <	 0.05)	
between rainfall and vegetation. Furthermore, 
vegetation seasonal growth followed rainfall 
modality patterns in 81% of the region (Figure 4b). 
This meant that vegetation showed one peak (two 
peak) greening in areas that received unimodal 
(bimodal) rainfall, except along the unimodal–
bimodal transition zones in the western humid 
parts of the region. In both unimodal and bimodal 
areas, where rainfall–vegetation interaction 
was	very	strong	(r	≥	0.8),	the	LST	exhibited	a	
negative seasonal relationship with vegetation 
patterns across ecoregions (forest, grassland, and 
shrubland) and rainfall modalities (Figure 4c). 
Regression analysis showed that LST seasonal 
patterns (dependent variable) were negatively 
related to EVI patterns (predictor variable). The 
relationship	was	 significant	 (P	<	0.05)	 across	
biomes except in scarcely vegetated arid areas 
(Paper I).
However, during forest loss events analyzed 
samples from unimodal and bimodal areas (in 
Ethiopia and Kenya) showed that LST changes 
had	different	seasonal	patterns	between	dry	and	
wet periods (Figure 5, Paper I). Following forest 
loss, although an overall average increment of up 
to 1.8°C was observed, the increment exhibited 
an inconsistent pattern across seasons. In dry 
periods, the increase was relatively strong (up 
to 3°C on average) and consistent, whereas in wet 
seasons	it	fluctuated.	This	wet	period	fluctuation	
was	associated	with	the	effects	of	rainfall	through	
improved soil moisture availability, ET, and 
greening of the surface that replaced forest 
(cropland and pastures), as was observed in the 
increased EVI during this period (Figure 5a, c, e).
Analyses of rainfall, vegetation, and LST 
during drought events further demonstrated 
the importance of vegetation vigor (greenness) 
in modulating LST anomalies (Paper I). For 
instance, during severe drought, LST anomalies 
were	higher	(1.57σ	on	average)	when	vegetation	
greenness was considerably affected (EVI 
anomaly	 <	 −2σ),	 whereas	 in	 areas	 where	
vegetation greenness was maintained, the LST 
anomaly	was	highly	minimized	(0.14	to	0.34σ)	
or	even	avoided	(–0.7σ)	on	average.		
5.2 Climatic impacts of 
vegetation seasonality across 
biomes
Growing-period albedo dynamics displayed 
contrasting patterns between forest and savanna 
on the one hand, and shrubland and grassland on 
the other (Paper II). Albedo increased by 8% in 
forest and 27% in savanna, and caused reductions 
in	 the	 available	 energy	 of	 −2.47	W	m−2 and 
−10	W	m−2, respectively. By contrast, albedo 
decreased in grassland and shrubland by 18% 
and 10%, respectively, which raised the available 
energy by 7.11 W m−2 and 5.04 W m−2. 
However, albedo dynamics had minor 
impacts on the seasonality of LST (Paper II). 
For	instance,	the	multiple	regression	coefficients	
of albedo exhibited considerable variations in 
sign	and	magnitude,	and	had	a	nonsignificant	
(P>0.05) relationship with LST (dependent 
variable) for most parts of the region. By contrast, 
ET	had	a	significant	(P	<	0.05)	and	consistently	
negative relationship with LST across biomes. 
The results showed that regardless of the sign and 
magnitude of albedo changes, LST seasonality 
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Figure 5. Dry- and wet-period seasonality of enhanced vegetation index (EVI) and land surface temperature 
(LST) before and after forest loss at three sites in the study area: (a,b) Abobo, (c,d) Shakiso, and (e,f) Kapcherop. 
Shaded area indicates ± standard deviation.
Figure 4. (a) Rainfall modality patterns, (b) vegetation seasonal modality patterns, and (c) seasonality of 
land surface temperature (LST) and enhanced vegetation index (EVI) across biomes (forest, grassland, and 
shrubland) and rainfall modality patterns.
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was mainly driven by ET changes in the region.
5.3 Radiative and non-radiative 
impacts of land cover change 
on land surface temperature 
Our regional analysis at a 1-km resolution, 
which was based on the actual conversion of 
multiple land cover types durng 2001–2013 
(Figure 6a), revealed a considerable impact of 
woody vegetation conversion (Paper II). Albedo 
change from all conversion classes (forest-to-
cropland, savanna-to-grassland, grassland-to-
shrubland, shrubland-to-grassland, savanna-
to-mixed cropland/vegetation, and savanna-
to-cropland) generated an annual average 
regional	 surface	 radiative	 forcing	 of	 −0.03	 ±	
0.02 W m-2. The albedo changes in forest-to-
cropland and savanna-to-grassland conversions 
generated the largest mean albedo change across 
seasons compared with other conversion classes. 
However, the contributions to the net LST change 
from these radiative changes were minor (0.12 
K and 0.09K) on average and were highly 
outweighed by the nonradiative mechanisms 
(ET and SR), generating a maximum average 
warming of 1.2 K in forest-to-cropland and 0.23 
K in savanna-to-grassland conversions (Figure 
6b). The warming from these conversion classes 
was consistent across seasons, whereas other 
conversion classes showed inconsistent results. 
Comparison of the observed (MODIS) 
and	calculated	(IBPM)	LST	differences	across	
seasons revealed a moderate agreement (r2 = 
0.77) in the dry season (December–February), 
whereas wet seasons showed relatively larger 
uncertainties (r2 ranges from 0.5 to 0.62). 
When the magnitude of uncertainties compared 
among conversion classes, forest-to-cropland 
and savanna-to-grassland conversions had the 
smallest uncertainties. 
A large-scale analysis of bushland (Acacia-
Commiphora)-to-cropland conversion in two 
sites (Mwatate and Ndome) at 300-m resolution 
revealed its important role in the local climate 
(Paper	 IV;	Figure	6c	and	d).	 	The	conversion	
of bushland to cropland led to an increase in 
albedo in the VIS, NIR, and SW ranges. Locally, 
the increase in albedo reduced the available SW 
energy at the surface by up to 6.02 W m-2, which 
in turn induced an average cooling of 0.8 K. The 
cooling impact from an increase in SW albedo 
was highly outweighed (approx. 5 times) by the 
reduction	of	LE	flux,	causing	net	warming	of	
1.75 K on average (Figure 6d). This magnitude 
was comparable with the average maximum local 
forest loss impact reported (1.8 K) in the region 
(Paper I). Moreover, a comparison of observed 
∆LST	(Landsat	8)	and	calculated	(EBD)	∆LST	
showed good agreement (r2 = 0.95 for Mwatate 
and r2 = 0.89 for Ndome).
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Figure	6.	(a)	Land	cover	change	across	the	Horn	of	Africa	between	2001	and	2013;	(b)	average	surface	temperature	
change	(ΔTs)	caused	by	radiative	(albedo)	and	non-radiative	(ET	and	SR)	mechanisms	from	multiple	 land	cover	
conversions	across	seasons	(DJF	=	December,	January,	February;	MAM	=	March,	April,	May;	SON	=	September,	
October,	November);	the	error	bar	shows	the	95%	confidence	interval	of	the	mean;	(c)	distribution	of	cropland	and	
bushland	derived	from	RapidEye	imagery	at	Ndome,	southern	Kenya;	(d)	potential	ΔTs	(mean	±	SD)	due	to	changes	
in	radiation	and	energy	balance	terms	(α	=	albedo,	SW	=	incoming	shortwave	radiation,	LW	=	incoming	longwave	
radiation,	LE	=	latent	heat	flux,	ΔH	=	sensible	heat	flux,	G	=	ground	heat	flux,	EM	=	emissivity)	following	bushland-
to-cropland conversion at Ndome.
5.4 Effects of precipitation 
extremes on surface energy 
balance and land surface 
temperature 
Analysis of the impact of precipitation 
extremes	on	climate	revealed	different	responses	
across biomes during 2001–2016 (Paper III). 
Albedo changes in the VIS and NIR ranges 
were opposite and cancelled each other, and 
thus limited the changes in the total SW in 
forest (P > 0.05) and savanna (P < 0.05) across 
seasons (March–May and October–December). 
Contrary to this pattern, VIS and NIR albedo 
increased during drought events in shrubland 
in both seasons, as well as during March–May 
in grassland. The resulting SW albedo changes 
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were	 larger	 in	magnitude	and	significant	 (P	<	
0.01) in shrubland and grassland. However, 
regardless	of	the	different	spectral	albedo	patterns	
observed across biomes, the albedo changes in 
the visible range were dominant in the region.
When this study assessed the impacts of 
albedo changes on the regional SW radiation 
balance, the results indicated that the drought 
event	regional	SW	radiative	forcing	(−0.64	W	
m−2 ± SD 0.11) was approximately twice that of 
extreme	wet	events	 (0.33	W	m−2	±	SD	0.09)	
(Figure 7a and b). Nonetheless, the magnitudes 
of	the	radiative	forcing	were	too	small	to	affect	
the land–atmosphere coupling in the region as 
well as the LST. 
Furthermore, precipitation extremes had a 
statistically	significant	(P	<	0.01)	impact	on	energy	
exchange anomalies across biomes (grassland, 
shrubland, and savanna) except in forest (Paper 
III). The energy exchange anomalies during 
drought and extreme wet events were opposite 
in sign, which meant that during drought, the 
latent	heat	flux	anomaly	(ΔLE)	reduced	strongly,	
whereas	 the	 sensible	 heat	 flux	 anomaly	 (ΔH)	
increased by a comparable magnitude. The reverse 
patterns occurred during extreme wet events. 
Forest	displayed	 the	 smallest	ΔLE	during	both	
drought	 (−2.69	W	m−2, SD 0.72 in OND) and 
extreme	wet	events	 (−1.64	W	m−2, SD 3.73 in 
Figure 7. Surface shortwave radiative forcing (mean ± SD) during drought and extreme wet events across biomes 
(forest,	grassland,	savanna,	and	shrubland)	and	seasons	(MAM	=	March,	April,	May;	OND	=	October,	November,	
December) during 2001–2016.
OND),	whereas	grassland	had	the	strongest	ΔLE	
during	drought	(i.e.,	decreased	by	−28.10	W	m−2, 
SD 4.86 in OND) and extreme wet events (i.e., 
increased by 24.51 W m−2	, SD 8.87 in MAM). 
During precipitation extremes, grassland 
displayed	 the	 strongest	 ΔLST	 while	 forest	
displayed the weakest (Table 2). Nonetheless, 
ΔLST	was	significant	(P	<	0.01)	across	biomes	
(forest, savanna, grassland, and shrubland). 
Overall,	 the	 results	of	 the	difference	between	
extreme wet and drought event anomalies (in 
energy exchange, LST, and vegetation index) 
showed that forests were resilient, whereas 
grasslands were the most sensitive to precipitation 
extremes. 
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Table 2. Summary of extreme wet minus drought-period anomalies of surface energy 
balance terms, LST, and vegetation indices during 2001–2016 March–May and 
October–December;	the	range	of	values	indicates	variation	between	two	seasons.
6 Discussion
Understanding climate sensitivity to 
vegetation	dynamics	across	different	ecosystems	
is crucial for evaluating climate regulation 
services	as	well	as	setting	effective	land	use	plans	
and mitigation strategies. In the EA, despite the 
occurrence of multiple factors causing vegetation 
dynamics (e.g., multiple growing periods, rapid 
agricultural expansion, and recurrent drought 
events), the biophysical impacts on LST had 
not	been	quantified	and	were	poorly	understood	
at a regional (local) scale across biomes and 
seasons. The results of this thesis, which are 
briefly	discussed	below,	provide	evidence	 for	
the impacts of vegetation dynamics on LST 
and broaden our understanding of the underlying 
biophysical changes driving LST.
6.1 Impacts of seasonal 
vegetation dynamics on land 
surface temperature
Vegetation had strong control over the 
seasonality of LST across ecoregions and rainfall 
modality patterns (Paper I), mainly through 
nonradiative mechanisms (Paper II). This meant 
that the seasonality of LST was negatively 
related to vegetation greening patterns across 
biomes and rainfall modality patterns except 
in scarcely vegetated arid areas (Paper I). The 
underlying biophysical changes driving seasonal 
LST dynamics were dominated by ET and SR, 
whereas	 albedo	 only	 had	 a	 minor	 influence	
(Paper II). 
Relevant in situ studies in the tropics and 
beyond have observed concomitant increases 
in albedo in taller vegetation (deciduous forest 
and savanna) and decreases in albedo in shorter 
vegetation (grassland and shrubland) during 
growing	 period	 (Samain	 et	 al.,	 2006;	Ryu	 et	
al.,	 2008;	 Hollinger	 et	 al.,	 2010).	 The	 cause	
behind the decline in the growing-period albedo 
of shorter vegetation can be explained by the 
dominant influence of the wet background 
soil	 albedo	 and	 lower	 reflectance	 of	 green	
Extreme	wet	minus	drought	(Difference)
IGBP            
Vegetation     
type
ΔRn
(W m−2)
ΔLE
(W m−2)
ΔH
(W m−2)
ΔSWin
(W m−2)
ΔLWout
(W m−2)
ΔLAI
(W m−2)
ΔEVI ΔLST
(K)
Forest 1–2 1–26 −0.1	to	
−24
−14 −6	to	−9 0.3–0.5 0.02–0.06 −1	to	
−2
Savanna 2–3 21–42 −19	to	
−40
−12	to	
−16
−8	to	−11 0.4–0.5 0.05–0.08 −3	to	
−4
Shrubland 4–7 35–38 −31 −13	to	
−15
−11	to	
−12
0.2–0.4 0.06–0.08 −3
Grassland 5–7 46–49 −41	to	
−42
−13	to	
−15
−13 0.5–0.6 0.09–0.1 −4
Rn	=	net	radiation;	LE	=	latent	heat	flux;	H	=	sensible	heat	flux;	SWin	=	incoming	shortwave	radiation;	LWout	=	
outgoing	longwave	radiation;	leaf	area	index	(LAI);	enhanced	vegetation	index	(EVI);	land	surface	temperature	
(LST);	and	IGBP	=	International	Geosphere-Biosphere	Programme.
34
DEPARTMENT OF GEOSCIENCES AND GEOGRAPHY A80
grasses and shrubs compared with dry-season 
albedo	 (Samain	 et	 al.,	 2006;	Hollinger	 et	 al.,	
2010). Regardless of the albedo patterns, LST 
dynamics during growing periods were strongly 
affected	by	ET.	For	instance,	the	albedo	decrease	
(warming	effect)	 in	shorter	vegetation	weakly	
counterbalanced	 the	 cooling	 effect	 from	 an	
increase in ET, leading to a reduction in LST in 
the growing period (Paper II).
This result provides new insights into the 
underlying biophysical factors driving LST 
seasonality across biomes. In particular, under 
a projected increase in temperature and drought 
frequency	(Nicholson,	2017;	Allen	et	al.,	2018),	
shorter growing periods can be expected. This 
might increase or reverse the growing-period 
albedo pattern in grassland and shrubland 
ecosystems	 (Paper	 III)	 as	 well	 as	 affect	 the	
annual energy balance. However, further studies 
are required to explore the extent to which a 
shift in vegetation growing period or phenology 
alters the land–atmosphere energy exchange and 
LST. Specially, in response to recurrent drought 
in the region, whether this shift can accelerate or 
reduce rates of climate change requires additional 
investigation.
6.2 Impacts of land cover 
change on land surface 
temperature
The multiscale observation of the impacts of 
LCC on the climate showed that LST changes 
were mainly driven by nonradiative mechanisms 
(ET and SR) (Paper II and IV). Radiative 
(albedo) changes were highly outweighed by ET 
and played only a minor role. In a decreasing 
order of magnitude, the conversion of forests, 
bushland, and savanna to cropland/grassland 
generates stronger LST warming than other 
conversion classes. Compared with cropland/
grassland, woody vegetation (forest, bushland, 
,	and	savanna)	has	higher	ET	and	SR	efficiency	
through	 their	 deep	 rooting	 system	 and	 LAI;	
hence, their conversion to cropland/grassland 
can cause reductions in ET and SR, leading to 
surface warming in the tropics (Jackson et al., 
1997;	Miranda	et	al.,	1997;	Bonan,	2008;	Davin	
and De Noblet-Ducoudre, 2010). However, 
the warming impact (e.g., during forest loss) 
was stronger during the dry season (Paper I). 
Locally,	wet-period	warming	fluctuated	(Paper	
I) because of enhanced greening, soil moisture/
precipitation, ET, cloud cover, and reduction of 
insolation.  
The results obtained from regional level 
assessments in forest and savanna conversions 
conducted for this thesis agreed with previous 
global (modeling and observational) studies in 
the tropics (Davin and De Noblet-Ducoudre, 
2010;	Alkama	and	Cescatti,	 2016;	Li	 et	 al.,	
2016;	 Bright	 et	 al.,	 2017;	 Duveiller	 et	 al.,	
2018;	Hoffman	and	Jackson	et	al.,	2000).	The	
impacts of bushland conversions, which were 
not	identified	in	such	studies,	were	revealed	
using a small-scale biophysical study (Paper 
IV). In large-scale studies, the limitations 
on resolving fragmented patches of land 
conversion and the occurrence of cropland 
mixed with other vegetation classes suggest the 
importance of small-scale biophysical studies 
for	 better	 quantification	 of	 anthropogenic	
climate impacts of LCC in the region. 
These results (Paper II) can be used to warn 
of the impacts on regional radiation balance 
and surface warming generated from multiple 
LCCs in the region. Furthermore, the regional 
radiative forcing can provide information 
for computing the contribution to the global 
energy balance (Paper II) through its impact 
at the TOA level (Bright, 2015). Moreover, 
the methods (Paper II) can contribute to the 
development of regional level monitoring, 
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in the validation of local- and regional-scale 
observation-based biophysical metrics in the 
region.
6.3 Land surface temperature 
change during precipitation 
extremes
During precipitation extremes, LST 
sensitivities varied across ecosystems. 
Vegetation	greening	had	a	strong	 influence	on	
regulating the impact of droughts on temperature 
anomalies. The highest LST anomalies were 
displayed in grasslands, followed by savannas 
and shrublands. Forests were the most resilient 
vegetation type to precipitation extremes (Paper 
III). These results are in line with a previous 
study that reported stronger energy exchange 
and warming over grasslands than over forests 
during a European drought (Teuling et al, 2010). 
Moreover, regardless of drought intensity (from 
mild to severe), areas that maintained vegetation 
greenness were able to minimize or avoid surface 
warming (Paper I). 
The underlying biophysical mechanisms 
driving LST anomalies were mostly dominated 
by	LE	flux	changes,	whereas	the	impact	of	SW	
albedo changes was minor. Comparing spectral 
albedo changes during droughts revealed 
contrasting VIS and NIR albedo in forest 
and savanna. This result agreed with relevant 
studies conducted during European drought 
(Teuling	et	al.,	2008;	Sütterlin	et	al.,	2016).	
However, the VIS and NIR albedo increases 
in shrubland and grassland during drought 
events	were	new	findings	in	arid	regions.	In	
these vegetation types, the increase in NIR 
albedo together with VIS can be explained by 
the dominant NIR albedo increase from a bare 
soil fraction (approx. 60%) that outweighed 
the NIR decrease from stressed vegetation 
verification,	and	reporting	of	the	biophysical	
impacts of multiple LCCs, as has been done for 
its biogeochemical counterparts, for example 
through	REDD+	(	Reducing	emissions	from	
deforestation and forest degradation and the 
role of conservation, sustainable management 
of forests and enhancement of forest carbon 
stocks in developing countries).
Furthermore, the results of the biophysical 
effect of LCCs can be used to assess 
the performance of land surface models. 
Previous model comparison studies have 
shown	 conflicting	 results	 for	 the	 sign	 of	
biophysical	 effects	 of	LCCs	 (Pitman	 et	 al.,	
2009;	 Devaraju	 et	 al.,	 2015).	 In	 addition,	
isolating and detecting local LCC signals from 
nonlocal	 climate	 signals	 is	 difficult	 because	
of the coarse resolution in models as well 
as	 uncertainties	 (Pitman	 et	 al.,	 2009;	 Li	 et	
al.,	2015a;	Duveillor	et	al.,	2018).	Thus,	the	
observation-based results presented in this 
thesis can help to verify the performance 
of land surface models in simulating the 
biophysical	effects	of	LCCs	in	the	region.
Some additional considerations on the 
interpretation of the results are necessary. 
The impacts of land conversion addressed in 
Paper II, which are based on data at a 1-km2 
resolution,	could	contain	incorrectly	classified	
pixels associated with the inherent limitations 
in the accuracy of the LCC product used 
(approx.	 75%).	 Furthermore,	 quantification	
of LST changes using the IBPM method had 
moderate agreement in wet season, unlike 
the good agreement obtained in dry season, 
and thus must be used carefully. Additional 
investigations are required to improve the 
parametrization and performance of this 
method, particularly in the wet season. In 
this	 regard,	 the	 future	 availability	 of	 flux	
tower	data	across	different	biomes	will	help	
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cover fraction (~ 40%) during drought, as 
evidenced in Paper III.
Under the increasing trend of extreme 
events in the region, the sensitivity of LST 
to precipitation extremes across ecosystems 
in the EA provides a crucial benchmark 
for planning mitigation strategies. Forest 
preservation	 and	 afforestation	 activities	 can	
provide vital climate regulatory services 
during droughts. The savanna ecosystem also 
deserves strong attention given its coverage 
being larger than that of forest and it being 
mixed with grasslands, which are strongly 
sensitive to droughts. Thus, clearing of 
savannas for grazing land could exacerbate 
surface warming during droughts in the 
region, and such activities need to consider 
their environmental impacts.
Finally, the results of this thesis are vital 
for	 the	design	of	 effective	 land	use	policies	
and climate change mitigation strategies in 
East Africa. With agricultural expansion 
increasing to meet the growing demand for 
food production, an optimized climate-smart 
land	 use	 policy	 that	 can	 efficiently	 utilize	
the land without inducing further warming 
is required. In this respect, land use policies 
that account for LST sensitivity to multiple 
LCC classes and climate extremes can 
support	mitigation	efforts	(e.g.,	afforestation	
or reforestation and the preservation of woody 
cover). Furthermore, because the biophysical 
impacts of LCCs are stronger in the source 
area	 of	 perturbations	 (Bright	 et	 al.,	 2015;	
IPCC, 2019), their inclusion in local land use 
plans	could	directly	benefit	the	region.	
Current mitigation efforts are mainly 
focused on forest and the reduction of CO2 
emissions;	however,	the	results	of	this	thesis	
demonstrated that other classes of woody 
land cover such as bushlands (Acacia-
Commiphora) also require attention from a 
biophysical perspective, given their important 
regulating effect on the LST. Moreover, 
with a projected increase in temperature 
faster than the global average, evaluation of 
mitigation	efforts	(e.g.,	REDD+)	will	benefit	
from considering the relative contribution of 
individual ecosystems to climate regulation 
services in the region. For this, the surface 
cooling	benefit	through	biophysical	processes	
(enhanced ET and SR) needs to be considered 
along with biogeochemical processes (i.e., the 
reduction of CO2 emissions). In particular, 
because the net impact of these two processes 
might not counteract in tropical regions 
(IPCC,	2019),	larger	cooling	benefits	can	be	
obtained	from	mitigation	efforts.	
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7 Conclusions
       This thesis assessed the climatic impacts 
of vegetation dynamics in Eastern Africa. 
Comprehensive analysis was performed across 
biomes, during seasonal growing cycles, LCCs, 
and precipitation extremes. Regional-and local-
level	biophysical	effects	were	evaluated	mainly	
using satellite observation data. The main 
conclusions of the thesis are summarized as 
follows.
i. The role of seasonal vegetation–
rainfall dynamics on land surface 
temperature patterns
The seasonal vegetation greening cycle 
had an inverse relationship with LST patterns. 
This result was consistent across biomes and 
rainfall modality except in scarcely vegetated 
arid areas. The biophysical mechanism driving 
LST temporal dynamics was dominated by ET 
seasonality. The impacts of albedo were too 
small	 and	 largely	nonsignificant	 across	 space	
regardless of the increase (deciduous forest and 
savanna) or decrease (grassland and shrubland) 
in albedo in the growing period. 
ii. The impacts of multiple land 
cover change on land surface temperature
Woody vegetation loss (forest, bushland, 
and savanna) induced stronger surface warming. 
However, the increase was bigger in the dry 
season,	and	 locally,	LST	could	fluctuate	 (e.g.,	
after forest loss) from enhanced vegetation 
greening and rainfall during the wet season. In 
other LCCs, the assessment of climatic impacts 
carried larger uncertainties, mainly because of 
the occurrence of mixed vegetation classes at 
1-km resolution. Therefore, future studies will 
benefit	from	the	use	of	high-resolution	imagery,	
particularly in the case of bushland (Acacia-
Commiphora) conversion. 
iii. The relative contribution of 
radiative and non-radiative mechanisms 
to land surface temperature changes 
during land cover conversion
Non-radiative mechanisms (ET and SR) 
had strong contributions and control over LST 
changes during woody vegetation loss compared 
with radiative mechanisms (albedo). In forest-
to-cropland conversion, the surface warming 
from reductions of ET and SR was up to 10 
times	 stronger	 than	 the	 cooling	 effect	 from	
albedo increases. Similarly, in bushland-to-
cropland	 transition,	 latent	 heat	 flux	 reduction	
alone	generated	surface	warming	up	to	five	times	
stronger	than	the	albedo	cooling	effect.
iv. Energy exchange and land 
surface temperature sensitivity during 
precipitation extremes across biomes
During precipitation extremes, LE flux 
anomalies dominated the energy exchange and 
had strong impacts in driving LST anomalies 
across biomes. During drought, the SW albedo 
increase in shorter vegetation (shrubland and 
grassland) was stronger than that in woody 
vegetation (forest and savanna). However, the 
albedo increase was too small to counterbalance 
the	surface	warming	 from	 the	strong	LE	flux	
decline in both vegetation classes. Much of the 
available energy was used to warm the surface 
and increase LST and sensible heat anomalies. In 
comparison, LST in grasslands showed stronger 
surface warming and sensitivity to droughts, 
followed by savanna, whereas forests exhibited 
the smallest changes in LST and were relatively 
resilient. The LST pattern was regulated by the 
status of vegetation vigor (greening). In the areas 
where vegetation greenness was maintained, 
surface warming was highly minimized during 
mild to severe droughts. 
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Overall, the non-radiative mechanisms were 
shown to dominate the biophysical climatic 
impacts of vegetation dynamics through their 
strong	influence	on	LST	changes	in	the	Eastern	
Africa.
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